Abstract. This paper presents an indoor positioning system based on FM radio. The system is built upon commercially available, short-range FM transmitters. The features of the FM radio which make it distinct from other localisation technologies are discussed. Despite the low cost and off-the-shelf components, the performance of the FM positioning is comparable to that of other positioning technologies (such as Wi-Fi). From our experiments, the median accuracy of the system is around 1.3 m and in 95% of cases the error is below 4.5 m.
Introduction
Location awareness is an important requirement for many modern applications, spanning from mobile maps and geotagging to Internet of Things and healthcare. The Global Positioning System (GPS) is most widely used for location sensing, but it is limited to outdoors-only applications. A body of research has addressed indoor positioning using different technologies, like ultrasound and infrared beacons, Wi-Fi and GSM networks, or other types of radios [1] . Most of these systems are limited in terms of expensive/custom hardware, laborious deployment or low accuracy.
Our paper explores the applicability of short-range FM radio transmitters for indoor positioning. We have installed our FINDR (FM INDooR) positioning system in our lab and this paper presents performance evaluation results of the system as well as an overview of particular properties of FM radio with respect to localisation.
FM has a number of advantages over other positioning technologies, like Wi-Fi. Firstly, although Wi-Fi infrastructure is readily available in office buildings, the installation of a localisation system in domestic environment requires additional hardware. In this case, FM is a cheaper alternative to the deployment of multiple Wi-Fi access points per apartment. FM transmitters are cheaply available from many consumer electronics shops; the client device can be represented by a PDA or a cellphone with an embedded FM receiver. Secondly, FM radio can be safely used in sensitive environments, e.g. hospitals, whereas GSM, Wi-Fi or Bluetooth devices must be switched off there. Finally, FM is very power-effective: an average FM receiver consumes about 15 mW, compared to almost 300 mW of Wi-Fi (in receiving mode) [2, 3] .
The paper is organized as follows. Section 2 provides and overview of the related work. Section 3 then introduces our approach and our experimental testbed. Section 4 presents results pertaining to performance evaluation of FINDR, while Section 5 describes the possible application scenarios of the system. Finally, Section 6 draws the conclusions and outlines the future work.
Related work

Wireless positioning techniques
In the last decade, a large body of research has been dedicated to the development of location-aware systems. Indoors positioning systems rely on several types of sensors: ultrasound [4, 5] , infrared (IR) [5, 6] , digital compass [4] , RFID [7] , and various kinds of radio: Wi-Fi [8, 9] , GSM [10] , Bluetooth [11] , domestic powerline [12, 13] , and others [14, 15] . Such systems usually rely on one or a number of the following criteria: user proximity to some fixed beacons, time of signal propagation, and received signal strength. In the sections that follow we briefly describe each of these approaches to localisation.
Proximity-based
Given an environment with a number of beacons with known positions, the algorithm assumes that the user's position is that of the nearest beacon. Due to its simplicity, the method is widely adapted by the systems using custom radio beacons [15] , as well as Bluetooth [16] , IR [5] and GSM base stations [17, 18] . Unfortunately, the accuracy of such systems is low and depends on the density and the number of installed beacons.
Time-based Time-based methods use information about signal propagation time between the mobile device and beacons with known positions, in order to estimate the position of the mobile user. The most prominent example of this class of methods is GPS. Using the signals from a set of GPS satellites, a basic GPS receiver is able to compute its position with the accuracy of about 8 m [19, p. 22]. However, GPS has long start-up times (up to a few minutes) and does not work indoors and in dense urban areas, which limits GPS's applicability for ubiquitous location-based services. Ultrasonic localisation systems, like Cricket [4] , also rely on the travel time of an ultrasound pulse. While providing a good accuracy, time-based systems usually require custom hardware and expensive installation.
Signal strength-based There are two general positioning approaches that use Received Signal Strength Indication (RSSI), namely propagation modelling and fingerprinting. The first approach attempts to build a model of the signal propagation in the space in order to identify the distance between the user and beacons. The fingerprinting approach, in turn, relies on a database associating RSSI measurements with corresponding coordinates and then uses statistics and machine learning algorithms in order to recognize user position among those learned during the training phase. RSSI-based methods are the most powerful, as they can provide a rather high accuracy with a few beacons.
One of the pioneering projects in RSSI-based positioning was RADAR [20] . The authors applied both propagation modelling and fingerprinting within a Wi-Fi network, and, with some enhancements, the system error was as low as 2 m [8] . With more advanced probabilistic methods, the median error of a Wi-Fi based system can reach 1.2-1.45 m [9, 21] . RSSI fingerprinting has also been successfully applied for indoor localisation using GSM base stations. In [10] , the authors employed so-called wide fingerprints, which included RSSIs of up to 35 GSM channels, and thus managed to achieve a Wi-Fi-like median positioning accuracy. However, the topology of a GSM network can be changed at any time by the network operator, thus requiring system recalibration. [12] proposed a more reliable approach for indoors positioning. In their system, two beacons were injecting high-frequency signals into domestic powerline. These signals could then be detected by a specialised receiver and associated with the user's location. An extended, wideband version of the system achieved a 90% accurate room recognition [13] . Despite the easy installation, the system requires specialised hardware with limited availability.
To the best of our knowledge, there is only one work dedicated to positioning with FM radio. [14] described their experiments on using prototype hand watch with an embedded FM radio, to localise using commercial FM broadcasting stations. The authors applied a Bayesian classifier to distinguish six areas of Seattle, based on RSSI ranking of the local FM stations. In the best case, the recognition accuracy was 82%. Although the paper does not provide any information about error distances, the system accuracy can be estimated as hundreds of meters to kilometers, which renders it impracticable for indoor environments. Our system, instead, is based on readily available hardware and is particularly suitable for indoor use.
FM positioning
Our approach
The FINDR positioning system employs a set of short-range FM transmitters as wireless beacons and a programmable radio on the client device. Most of the beacon-based positioning technologies have two general requirements: measuring of user to beacon relative position and the ability to distinguish different beacons.
In the next two sections we identify possible solutions how FM radio can address these requirements.
Relative position-dependent features The relative position of the user with regard to a beacon can be characterised by angle between directed antennas, signal propagation time and RSSI. For the FM positioning, we have identified three features that can be used as a measure of distance between the beacons and the user.
The first feature is RSSI, defined as the amplitude of the received radiofrequency signal. Most of the current FM receivers employ RSSI value internally, to enable auto-tuning capability.
When RSSI is not available, one can use the signal-to-noise ratio (SNR) of the demodulated signal. In this case, the beacon is set to transmit a known periodic signal (for example, a sine wave of 1kHz) and the receiver performs a fast Fourier transform (FFT) of the demodulated signal, calculating the intensities of different frequency bands. Then, the intensity of the band of interest is divided by the average intensity of the all bands, thus representing signal-to-noise ratio. A similar method was applied by [12] to an amplitude-modulated (AM) signal. However, our experiments show that SNR of an FM signal is almost a step function, which considerably limits applicability of this approach to FM-based positioning (see Section 4.1).
There is also another feature that depends on the signal quality and, consequently, on the distance between the transmitter and the receiver, namely, stereo channels separation. In good reception conditions the stereo channels are well separated, providing best sound quality. However, as the radio signal deteriorates, the receiver's circuitry will start to reduce the audio bandwidth and thus decrease channel separation in order to filter out the noise [22] . Ultimately, this results in a plain mono signal.
Distinguishing beacons For a beacon-based positioning system it is crucial to distinguish current beacon from the others. The beacons can be identified either by their carrier frequencies or by the signals they transmit (e.g. coordinates, ID, name, etc).
Unfortunately, due to the properties of FM, it is impossible to use the same frequency for all beacons. Due to the so-called "capture effect", when a number of stations transmit on the same (or close by) frequency, the signal from the strongest one will dominate the others, while the weaker signals get attenuated [23] . Therefore, in our experiments we had to tune each transmitter to a different frequency and switch between them at the receiver side. Despite this, no special network planning is required for larger-scale deployments to avoid beacons interference, as any distant interfering beacons will not be observed due to the capture effect.
Experimental setup
The FINDR was evaluated with empirical measurements in the Multimedia, Interaction and Smart Environments (MISE) lab of Create-Net [24] . The room dimensions were 12 x 6 m, and the room contained ordinary office furnishing. Figure 1 presents the layout of the room. A grid of 1 x 1 m cells was created for testing, and measurements were carried out in all accessible points of the grid (totally 46 points). The receiving device used in the tests was a Nokia N800 Internet Tablet. The N800 is an based on an ARM processor and features a built-in FM receiver. The N800 is running an open, Linux-based operating system, so developing lowlevel custom applications for the device is relatively easy. The prototype locating software was programmed in Python and used the PyFMRadio-library to tune the FM-receiver to each of the transmitter's frequency one after another and read the signal strength from the FM-receiver hardware. The signal strength was reported on a 16-step scale (normalized to range 0. . . 1) and was measured 300 times in a row for each frequency, with about 0.01 second between the measurements. The standard N800 headset was used as an antenna.
The transmitter used was a König mp3 player, which features a built-in FMtransmitter ( Figure 2) [25]. To increase the range of the transmitters, a 1.8-meter audio cable was connected to the player's audio output to act as an antenna. Initially, the whole FM band was scanned and manually checked for frequencies with little interference from local FM-radio stations. The transmitters were then tuned to these frequencies. To avoid the effect of battery degradation, the transmitters were powered by USB power adapters.
Results
RSSI dependency on distance
In order to estimate the feasibility of the FM positioning, we first carried out a test to see which of the features discussed in Section 3.1 are more suitable for positioning. Stereo channel separation method has not been implemented yet and will be addressed in the future work.
The RSSI dependence on the distance from the transmitter is presented in Figure 3 . To avoid any interference from the testbed's furniture, this test was performed outdoors. The graph is relatively smooth and monotone starting from 0.5 m, and proves RSSI to be a good feature for positioning. Eventual plateaulooking areas can be explained by the limited number of RSSI levels recognized by our receiver. Figure 1 ). The dependencies are not very smooth, which is caused by the distortions from the furniture and multipath propagation. Nevertheless, the general trends are clearly observable. For the RSSI SN R method, the transmitter was set to broadcast a continuous dual tone multi-frequency (DTMF) signal for digit "1" (1209 Hz and 697 Hz). At the receiver side, the audio signal from an FM radio was sampled by a laptop sound card at 8 kHz sampling frequency and transformed to the frequency domain using 1024-band FFT. For each point, 32 spectra were recorded and then averaged. RSSI SN R was then calculated as follows:
The experiment discovered no clear dependency of RSSI SN R from the distance to the transmitter (see Figure 5 ). In range from 0.5 m to 3.6 m the mean RSSI SN R value barely changed, between 3.6 m and 4.5 m it became unstable, and then rapidly degraded to the noise level. Such a behaviour can be explained by the capture effect, which improves the post-detection SNR for non-linear modulations (such as FM) when the pre-detection SNR is above a certain threshold, "capture threshold"; below this threshold the SNR drops dramatically [26] . In our case, the capture effect is complemented by the receiver noise-reduction circuitry which automatically mutes the audio output if the received signal is too weak [2] .
Thus, RSSI SN R dependency on the distance is almost a step function due to intrinsic properties of FM. Therefore, we did not consider RSSI SN R for further experiments. 
2D positioning
To estimate the FINDR accuracy in two-dimensional positioning, we have used fingerprinting approach with two evaluation methods: leave-one-out validation and an independent test set. In leave-one-out method, we sequentially selected one of the RSSI measurements and excluded all the measurements related to the same coordinates from the training set. The selected measurement was then used as test data. It should be noted however, that leave-one-out evaluation tends to worsen the actual positioning accuracy, as the classifier is unable to recognize the class it has not been trained on (that is, the error distance is always greater than zero) [20] . Besides that, in order to estimate the real-world system accuracy, we have tested the FINDR on an independent data set collected by another person.
For classification, a k-nearest neighbour (kNN) method was used [27] . The kNN classifier evaluates the distance from the test point to all the training points, and selects the labels (classes) of the k nearest training points. From these k labels, the prevailing one is returned as the classification result. For our task, we employed the Euclidean distance measure. The optimal value of k (k = 9) was selected by leave-one-out validation and then reused for cross-person evaluation.
The error distance distributions for both approaches are shown in Figure 6 . The baseline performance is represented by a random classifier. The median accuracy for the leave-one-out evaluation method is 1.3 m, falling to about 4.5 m at 95% confidence level. For the independent test set, 29% of places are recognized correctly. The median accuracy is 1.3 m. Despite the long tail, caused by distant outliers, in 95% of the cases the positioning error stays below 6.8 m.
RSSI stability over time
For a fingerprinting-based system, it is very important that the values measured during calibration phase do not drift over time. Otherwise, the system accuracy may diminish significantly, and the system will require recalibration. It has been demonstrated, that many current fingerprinting-based systems are affected by the signal stability problems [13, 28] .
In order to estimate the stability of the FM signal strength in FINDR, we placed a transmitter 4 meters apart from the receiver and left it recording the RSSI over the weekend. However, in four hours the device ran out of memory and only 1.7 million samples have been recorded. Their mean value was 0.57975 and the variance was 0.00097.
The RSSI distribution in Figure 7 proves the FM RSSI to be rather stable. The two peaks are different by one quantization step only. There are about 4000 outliers, which constitute only about 30 seconds of the whole 4-hour dataset. Note that the measurements have been done by a receiver that distinguishes only 16 RSSI levels; a more advanced receiver could improve both the distribution detail and the positioning accuracy.
Application Scenarios
The need for finding one's position has sprung up a number of technologies that fulfil this purpose with varying degrees of success. While outdoor positioning is a relatively mature technology (i.e. GPS), the indoor localisation has been proven an interesting research challenge. The interest in indoor positioning has been fuelled by the potential it offers in creating novel applications that can span across diverse domains. Applications ranging from locating lost keys within home, up to detecting mobility patterns of elderly that aid disease diagnosis, are made possible by utilising technologies that offer relatively precise location information, while considering the cost benefits. FM localisation method, described thus far, is such technology that can give rise to a number of interesting applications.
Applications that make use of localisation can be found in the realm of social sciences, amongst other domains. Localisation can be utilised to infer mobility patterns of users. A study, described in [29] , tracked location of 100.000 mobile phones. Analysis of the data revealed that users have predictable mobility behaviour patterns, which authors were able to infer by analysing only half of the data collected. However, this study was limited since location data was based on GSM localisation, thus had a low granularity, typical of a GSM cell tower range.
FM localisation will allow analysis of data that has much higher localisation granularity, by simply utilising a mobile phone with built-in FM receiver. This information then can be used, not only to infer mobility patterns, but by using the concept of group location, the social network of a user can also be deduced. In other words FM localisation method will allow inference of human relationships, for example colleagues that spent time in the same office, through analysis of sub-room mobility patterns.
Naturally, localisation technology is applicable to a number of other domains, including health care, where it can be used to aid elderly locate misplaced objects (such as their mobile phone), or even deliver location dependent reminderslocking the front door when entering the house for instance. These applications can be enabled by a low-cost, sub room location solution, which FM positioning is able to provide.
Conclusion
This paper presented the FINDR, an indoor positioning system based on FM radio technology. The system is a low-cost solution that does not require any specialised hardware, thus is easily deployable. FM transmitters, used as beacons, are easily available in the most of electronics shops. Virtually any cellphone or PDA, with an embedded FM tuner can be used as a client device. FM receiver is by an order of magnitude more power-efficient than Wi-Fi. The preliminary results of the system evaluation show a median accuracy of about 1.3 m and 4.5 m at 95% confidence level that is favourably comparable to other state-ofthe-art positioning systems.
In the future we plan to conduct a more comprehensive evaluation of FINDR using probabilistic classifiers and perform a same-environment comparison with other positioning systems. These results will be applied to a number of previously described application domains.
